W e develop, estimate, and test a response model of order timing and order volume decisions of catalog customers and derive a Bayes rule for optimal mailing strategies. The model integrates the when and how much components of the response; incorporates the mailing decision of the firm; and uses a Bayesian framework to determine the optimal mailing rule for each catalog customer. The Bayes rule we propose for optimal mailing strategy allows for a broad set of objectives to be realized across the time horizon, such as profit maximization, customer retention, and utility maximization with or without risk aversion. We find that optimizing the objective function over multiple periods as opposed to a single period leads to higher expected profits and expected utility. Our results indicate that the cataloguer is well advised to send fewer catalogs than its current practice in order to maximize expected profits and utility.
Introduction
Customer response models provide feedback to database managers who need to formulate a mailing policy specific to a customer. In this paper we develop, estimate, and test a customer response model that controls for unobserved heterogeneity across customers, that simultaneously predicts the incidence (timing) and volume of orders from catalogs, that controls for response to the timing of mail, and allows for a broad set of objective functions to be optimized. Our model generates optimal mailing strategies for each customer using a Bayesian decision-theoretic framework.
In the extant literature simultaneous decisions of the customers, such as whether to buy, when to buy, and how much to buy, have been modeled before. See, for example, Gupta (1988) , Chiang (1991) , Bucklin and Gupta (1992) , among others. Our work adds one more dimension by incorporating the firm's decision as well-that is, when the catalog is mailed. If the voluminous amounts of catalogs that clutter our mailboxes today are mailed efficiently and effectively-that is, at the right time to the right targets-distribution costs could be reduced, more happy customers can be won, and environmental waste could be reduced.
Database managers observe order timing and order volume decisions of their customers. The most common approach to derive optimal mailing strategies is with the recency, frequency, monetary-value (RFM) procedure (Roberts and Berger 1999) . RFM uses information on previous orders to classify customers according to the recency (elapsed time since last order), frequency (number of orders), and monetary value (average dollar amount spent so far by the customer) of their purchases. Database managers segment customers into R × F × M cells and rank order them according to their expected lifetime profits (customer lifetime values). The current trade practice is one step ahead of traditional marketing in that it segments customers by their purchase histories rather than the old-fashioned demographic profiling approach.
The importance of past behavior as a better future predictor than other characteristics such as demographics or lifestyles has been well documented in the marketing literature (see, for example, the seminal work of Guadagni and Little 1983 and, more recently, Rossi et al. 1996) . Although the RFM procedure helps determine who on the house list should receive the next catalog, it is silent on the timing of mailings. Catalog managers tend to send a maximum of five catalogs per year on a more or less regular basis (four for each season and one for the winter holiday season). Lands' End and Quill regularly send out catalogs to their customers to assure the availability of a catalog (Schmid 1999) . Because the mailing of catalogs comes Gupta (1988) ; Chiang (1991) ; Y N N N N N Bucklin and Gupta (1992) Gönül and Shi (1998) at a considerable cost, such approaches may lead to suboptimal mailing strategies and waste environmental resources. Recent marketing research aims to provide guidelines for the optimal mailing strategy. A summary of the relevant literature and its contrast with our work is placed in Table 1. 1 Bult and Wansbeek (1995) develop a method that selects targets from a mailing list for direct mail. The optimal selection strategy prescribed by the model maximizes profits by equating marginal returns to marginal costs, which results in a closed-form solution of the optimal selection strategy. Gönül and Shi (1998) propose an estimable dynamic programming model that helps identify key determinants of direct-mail policies. The model is formulated under the assumption that customers maximize utility and the cataloguer maximizes profits. Allenby et al. (1999) develop a Hierarchical Bayes duration model of interorder times that captures cross-sectional and temporal heterogeneity. The model helps to predict at the individual level when and if a particular customer is likely to increase the time between orders that may indicate that a retention intervention is needed. Elsner et al. (2004) investigate when to mail, who to mail, and the length of the mailing list decisions using a medium-term (not a myopic) approach for directmail campaigns. Zhang and Krishnamurthi (2004) estimate a model to simultaneously predict when to promote, how much, and to whom on the Internet. 1 In other direct-marketing-related works, Schmittlein et al. (1987) develop a method to identify the number of inactive customers in a database. This approach is empirically tested by Schmittlein and Peterson (1994) and is extended to predict the volume of purchases in future time periods, although volume and incidence are predicted in two independent models. Anderson and Simester (2004) report results from field studies to measure response from new and existing customers to deep discounts over two years.
They develop an optimization approach to determine the optimal promotion for each household on each online shopping occasion.
We propose an empirical model that generates an optimal mailing strategy for each catalog customer. Our model endogenizes order volume decisions of customers in addition to order incidence decisions. Our model generates a customer-specific optimal mailing policy in accordance with the spirit of oneto-one (or direct) marketing, based on maximizing the manager's expected profits and/or utility over a finite horizon. 2 We also compare our approach with a simpler model where the manager aims to maximize retention only. This comparison is similar to sales maximization versus profit maximization in the economics literature. Last, but not least, we do not neglect to control for unobserved heterogeneity across customers in our specification.
A Hierarchical Bayes Model of Catalog Orders
In this section, we formalize the order decision process of customers, based on data from the house list of the cataloguer. The house list consists of the timing and volume of orders of customers across time and is typically used for predicting future purchases of customers. (The customers contained in a house list are those that placed at least one order from the catalog, as opposed to a rental list that consists of prospective buyers.) In addition, we have data on the mailing schedules of the firm that we utilize in the model formulation.
Order Incidence
Customers' order incidence decisions are likely to depend on their previous purchases and the mailings they receive. We formalize the timing of orders through a discrete-time proportional hazard function. Assume k = 1 K i orders are observed for customer i with length T ik . The last spell is likely to be right-censored because the observation period ends before the customer has another chance to order.
3 In a particular spell, the discrete hazard function is the conditional probability of observing an order in time period t, given that no order has taken place so far (Kalbfleisch and Prentice 1980) . That is, the hazard of customer i placing the kth order at time t is:
We specify individual-level (denoted by i) hazard functions because we are interested in predicting the responses of individual customers in the spirit of oneto-one or direct marketing. Under these assumptions, Equation (1) defines a semi-Markov process, where an order depends on the previous order through the duration between the two orders that is in line with the treatment of multiple spells in the hazard literature (Cox 1972 , Kiefer 1988 ). The hazard model specifications proposed in the marketing literature are either continuous or discrete. For example, Wedel et al. (1995) suggest a discrete piecewise hazard specification, based on a Poisson counting process. The underlying process we observe is that of durations between orders placed. Because the actual durations are continuous (customers can place orders at any point in time), but the observed data are discrete, we use a complementary log-log specification for the baseline hazard (please see Equation (2) following). The complementary log-log hazard specification follows from a process where the real underlying process is generated according to the continuous proportional hazard model, but the data are interval censored, i.e., only the interval, such as the week of the order, is known to the researcher. Results based on the complementary log-log link should be more robust to the choice of categories, which is a concern for discrete piecewise hazard models (see Ter Hofstede and Wedel 1998) .
The order likelihood may vary with time elapsed since the mailing of the last catalog. A new catalog serves as a promotional offer and may tempt a customer to place an order. It may serve as a reminder ad, especially if the contents of catalogs remain largely the same from one issue to another. Customers may need some time to select products from the catalog, which will not result in a higher likelihood of an order in the first periods. However, as time passes the catalog may be dislocated, discarded, or considered outdated. This would negatively affect the order likelihood over time. A new catalog could also be considered a nuisance and may cause advertising wearout for some consumers (Little 1979 , Simon 1982 . We have no prior information to let us formulate hypotheses about customers' order behavior. Therefore, we formulate flexible functions accommodating these effects and let the data tell us the answers to these questions.
Hence, our hazard function specification also includes the time since the last mailing, v ik t :
Equation (2) links our model to the RFM trio in the following way. The intercept i becomes a measure of customer-specific frequency F , and 1i and 2i represent the (nonlinear) effect of recency R on order incidence. 4 Tendency to purchase at a given point in time may differ among customers. Therefore, we let intercept terms i vary across customers. In addition, budget and storage constraints may curb the buying tendencies of buyers once the ordered goods arrive. The tendency to order may also fluctuate over time, thus yielding a variety of nonlinear curves depending on the signs of i1 and i2 . For example, if i1 is positive and i2 is negative, then the hazard function is U-shaped. When the signs are reversed the hazard function exhibits an inverse U. Similar arguments hold for the coefficients of the time since last mailing, i1 and i2 .
Our model is flexible. Please think of the right-hand side of Equation (2) as the right-hand side of a multiple regression equation. For example, we could have used quadratic terms instead of the log terms. However, the correlation between linear and quadratic terms exceeds 0.8 in our data and pose a danger of multicollinearity, whereas the correlation between linear and log term is about 0.6.
The first K i − 1 spells are complete spells that end in an order so that the likelihood of observing duration T ik equals the product of the hazard functions with the survivor function S t . The survivor function is the (unconditional) probability of not observing an order before t, and in a discrete-time framework it reduces to the product of hazard functions:
The last spell T iK i , however, does not have to coincide with an order; it often remains incomplete because the observation period ends before the customer has a chance to make a purchase. We let d i be an indicator such that d i = 0 if the last spell of customer i is censored, and d i = 1 otherwise. The likelihood function of the last spell equals the survivor function,
Because of the conditional independence of orders given the duration of the previous order, the likelihood of observing all order durations T i· = T i1 T iK of customer i is the product of likelihood functions over all spells:
Even though orders seem to be independent of each other because they are all made by the same customer i, they are connected with the common thread of the individuality of the customer. We capture this connection by building a hierarchical structure on Equation (4), and hence accommodate heterogeneity of the hazard function across customers, as we explain at the end of §2.2.
Order Volume
We expect the volume of orders to be dependent on the timing of orders and timing of mailings. For example, if a customer recently ordered, she or he might buy again, in case she or he recognizes the need for a component of an augmented product originally ordered. Thus, a reorder, albeit in smaller amounts, is likely to occur immediately following a purchase. A customer may also wait and consolidate orders to save on shipment and handling costs. Such behavior gives rise to orders with higher volumes as time passes. In the case in which a customer decides to order, order volume may be higher over time because the customer has had more time to select products from the catalog and because the inventory at home has depleted. We have no a priori hypotheses about customers' spending behavior. Therefore, we refrain from speculating further and let the issue be empirically resolved. Let Z ik t represent the volume of an order placed by customer i in the tth time period in order spell k. Conditional on an order T ik = t , we specify a lognormal distribution for Z ik t with mean ik t and 5 The equation assumes the process is stationary and is typical of hazard function models. variance 2 Z . If no order is placed T ik = t , then Z ik t equals zero with perfect certainty. This leads to the following lognormal distribution for Z ik t with a spike at zero for T ik = t:
The lognormal distribution ensures that the predicted order volume is always positive. The lognormal distribution is known to perform well in other applications of estimating inherently positive variables, such as quantity demanded, wage income, and others.
We parameterize ik t as:
where the linear and log-linear terms accommodate monotonic and nonmonotonic effects. Note that the intercept i0 relates to the monetary value component M of the RFM trio. The response parameters in Equations (4) and (6) are customer specific, allowing for different response curves among customers. Unobserved characteristics of customers may affect the shape of these curves. For example, larger households may order more on average, which leads to higher values of the monetary value parameter i0 . At the same time, the response parameters may be correlated. For example, households ordering less frequently could order larger amounts once they place an order, which will result in a negative correlation between i and i0 . Therefore we let the customer-specific parameters i , i1 , i2 , i1 , i2 follow normal distributions as follows:
where is a 10 × 10 covariance matrix. Thus, with this formulation, unobserved customer characteristics (e.g., household size, household member tastes, etc.) are captured by allowing a distribution of the parameters across customers.
Estimation
To estimate the customer response model, we use Markov Chain Monte Carlo (MCMC) methods (see, for example, Gilks et al. 1996) . Our objective is to derive the posterior distribution of the parameters, given the data. We develop an estimation procedure that approximates the desired posterior distribution of the parameters by sampling parameters from their full conditional distributions. The prior distributions of the population parameters ¯ ¯ are taken from standard conjugate hyperdistributions:
Hence, the full conditional posterior distributions of these parameters reduce to normal, gamma, and multinomial distributions. Values from full conditional distributions are sampled using Gibbs samples (see, for example, Gelfand and Smith 1990, Hoberts and Casella 1996) . The full conditionals of the customer-specific parameters
and the variance parameter 2 Z cannot be obtained in closed form. We use the Metropolis-Hastings algorithm to sample i , i , i , i , i from their full conditional distributions (Hastings 1970 , Metropolis et al. 1953 . We use slice sampling to obtain samples of 2 z (Neal 2003) . We use a normal proposal density in the MetropolisHastings steps and constrain the interval of 2 z to the positive domain in the slice sampler. Taking random starting values, and iteratively applying the Gibbs, Metropolis-Hastings, and slice samplers, the sampled values converge to the posterior distribution of the parameters (Robert and Casella 1999) .
A Bayes Rule for Optimal Mailing Strategy
We offer a decision-theoretic framework to derive the optimal mailing strategy by taking into account the expected profit and expected utility maximization motives of a database manager. We derive an optimal strategy for mailing catalogs to customers by building on the response model developed in the previous section.
Database managers need to decide on a regular basis (e.g., each month) whether or not to send a catalog to a specific customer. This does not mean, however, that expected profits in the future can be ignored. Our model instructs that customers' order and volume decisions depend on the durations since a previous order and since a previous promotion (catalog mailing). For example, if a customer's order volume strongly increases with the time since the last catalog is mailed, the mailing of a catalog to that customer may be postponed to generate profits in the long run, in spite of the short-run profits that an immediate mailing may generate.
Let U D be the utility function of the database manager, where is the parameter set and D is a particular mailing schedule. If a particular mailing strategy D 1 is implemented and 1 turns out to be the true characterization of the ordering process of customers, then a utility of U 1 D 1 is attained. Because is not obtained with complete certainty, the uncertainty is integrated out of the utility by taking the expectation across the posterior distribution of the parameters given observed data, i.e., E U D T D Z D . This expression is the expected utility and is maximized with respect to mailing strategy, D. The value of D that maximizes the expected utility is an optimal Bayes rule with respect to the specified utility function.
First, we consider pure (risk-neutral) profit maximization. Let i be the profits over the next P months and i be the vector of customer-specific parameters. Let be the profit margin of orders and c the cost of sending a catalog.
6 Then the profit-maximizing utility function across P future months is:
where is a discount factor 0 < < 1 to discount future profits, and
D iP are order volume and mailing decisions in the pth future decision period, respectively.
The optimal mailing strategy is likely to change if the decision maker is risk averse. The future volume of orders Z i i D i is unknown and introduces uncertainty into the profit equation (8). We incorporate risk aversion as follows:
where accounts for the degree of risk aversion of the database manager. From the first-order condition, dU i D i /d = * U , we observe that if profits are positive (negative), then as the degree of risk aversion increases, utility increases (decreases). Thus, the formulation suggests that when the business is flourishing, a risk-averse manager aims to preserve the status quo and is more cautious and conservative. In contrast, if the manager is losing money, then a higher degree of risk aversion reduces her/his utility. Therefore, the manager is better off taking some risks. For a good review of risk aversion, see, for example, Keeney and Raiffa (1993) .
Consider the case of deciding on a mailing strategy for one month ahead. Then, each customer can 6 We do not model whether profit margins are affected by mailings and assume a constant profit margin . In addition, we assume P is the same for all customers on the house list. In a more comprehensive model these issues can be addressed. We thank an anonymous reviewer for this point. 7 We thank an anonymous reviewer for this point. be mailed a catalog or not. Each of these decisions has a different (posterior) distribution of the profits (or losses) realized over the next month. For example, not sending a catalog may lead to a relatively limited expected profit with a 1% chance of monetary loss, whereas sending a catalog may lead to higher expected profits, but with a 40% chance of monetary loss. A risk-averse manager may choose not to mail to that customer even if it leads to lower expected profits. Accordingly, a higher value of indicates a higher degree of risk aversion.
The expected utility is obtained by taking the expectation of Equations (8) or (9) conditional on observed data:
To obtain the optimal Bayes rule D * i = D i , the expected utility in Equation (10) is maximized. The integral in Equation (10) The optimal mailing strategy is obtained by comparing the expected utility for each of the 2 P combinations of monthly mailing decisions (mail or do not mail in each of the P months). The mailing decision that corresponds to the highest expected utility is the optimal Bayes rule for mailing catalogs to that customer D * i .
Empirical Application

Data
We apply our methodology to a sample of 424 customers from the house list of a major U.S. catalog company. 8 We are grateful to the catalog executives who shared with us their mailing schedule as well as order information. While order data are often easier to obtain, mailing information is more difficult because of the sensitivity of companies to sharing private information.
The items sold in the catalog are household products with an approximate lifespan of one to two years.
The products are consumable all year round, and the items displayed in the catalog do not have large seasonal fluctuations in sales. The content of the catalog does not change substantially from one issue to the next. Only the cover of the catalog changes to reflect the season and to emit a sense of newness.
The customer database contains order histories of the company's customers, starting from the time their first order is placed. The observation period spans nine years, from January 1986 to December 1994. For predictive validity assessment, we use the observations in the last six months (July 1994 to December 1994 to construct a holdout sample. This leaves us with an average order history of about 44 months in the estimation sample, with a minimum of 6 and a maximum of 98 monthly observations. On average, customers place slightly less than one order per year (0.8 orders per year), spending an average of $81 per order (see Table 2 ).
In addition to purchase histories in the customer database, we use the company's mailing schedule to derive for each customer when s/he received a catalog. We use this information to compute the recency of mailing variables, v ik t . Similar to the order histories, we exclude the last six months for predictive validity assessment.
The company periodically employs the RFM procedure to select customers to the current list. A maximum of five catalogs are sent to a customer in a given year. Customers generally receive only some of the catalogs. In other words, not every customer gets each of the five catalogs because of cutoffs based on customer lifetime value considerations. On average, customers receive one catalog nearly every three months.
The average cost of sending a catalog is $2.53. The average net revenue is $28, which is the percentage profit margin (35% for this company) multiplied by the size of the average order in the data ($81). Other than purchase and promotion (mailing) history there is limited customer-specific information in the data. They are: gender (92% female) and sensitivity to privacy (99%). Because there is little variation in these variables, they are omitted from our analysis.
Results
In estimating the model, we generate random starting values and sample iteratively using the MCMC sampling scheme. 9 We run the Gibbs sampler for 60,000 iterations after inspecting the sequence of samples of the posterior distributions across iterations. The MCMC chains appear to converge after a modest number of samples. However, to assure the accuracy of our results, we delete the first 30,000 samples and use the remaining 30,000 samples for further analysis.
We estimate the full model that permits correlations between each pair of the 10 parameters in our model and a simpler model without correlations across parameters. We find that all of the correlation credible intervals contain 0 (corresponding to insignificance at the 95% level in a frequentist terminology). We also find that allowing for correlations does not impact the other parameter estimates. Thus, for space and scope considerations we report results from the more parsimonious model in Table 3 . All other results are available upon request.
In Table 3 , we report the population parameters of interest, i.e., the median effects of purchase recency and mailing on incidence and volume of orders as well as the heterogeneity of these effects across customers. Our discussion in this section is general (for the median customer only). Individual responses vary due to heterogeneity.
The duration effects of orders,¯ 1 and¯ 2 , as well as the mailing effects, 1 and 2 , are substantial, as demonstrated by the relatively small credible intervals around their posterior means.
The heterogeneity of parameters across customers appears to be small. The standard deviations range from 0.3% to 10% of their corresponding means. Immediately following a purchase there is a 12% chance that a customer will reorder, possibly to complete the order with complementary products or with any other forgotten item in the previous order. For example, if a customer has recently ordered a major item, s/he may order a minor matching item immediately afterwards to complete the set. The median curve reaches its minimum after 5 months and remains relatively flat until about 15 months. Afterwards, the replacement effect comes into play and the likelihood of placing another order rises steadily.
The conditional order probability strongly increases in the first two months after mailing a catalog. Apparently, it takes some time before customers are exposed to the content of a catalog and decide upon their order. On average, the order probability slowly decreases after it reaches its maximum at four months. This points to a wearout effect of catalogs after it is being mailed. A catalog may be lost or misplaced, or perceived as old and outdated after six months. 9 In order for the priors not to influence the posterior estimates, we use diffuse, weakly informative prior distributions, i.e., 0 = 0 = 0 = 0 = 0 = 0; 0 = 0 001 · I 10 ; 0 = 6; 0 = 10 · I 5 . Table 3 Posterior Note. The interval spanned by the 2.5 and 97.5 percentiles is referred to as the credible interval that is the Bayesian equivalent of a 95% confidence interval in a frequentist setting. If zero is not in included in the credible interval of a parameter, the probability that this parameter was less than or equal to zero is less than 0.05.
Thus, a cataloger is well advised to resend catalogs to increase response rates. The precise timing of the catalog mailing to generate peak response varies from customer to customer. Recency of orders or recency of catalogs does not seem to have a substantial impact on order volume for the median customer. (The 95% credible intervals contain zero, except for 2 being just contained in the interval.) Thus, at the aggregate level, there appears to be a small duration dependence effect of recency of orders on order volume. Order volume slightly increases when time since a previous purchase increases. The heterogeneity of the effects across customers, however, is high. Thus the relevance of elapsed time since the last order and elapsed time since the last catalog cannot be dismissed for a bulk of the customers, because the coefficients display relatively large variations across customers.
Why does there appear to be more heterogeneity in order volume than in order timing? We learn from company reports that the product is usable by all members in the household. It seems that the order timing response is more or less homogeneous across customers and that the product is replaceable after a few months since the last purchase. Thus, we may conjecture that the wear and tear and therefore the replacement cycle of the product is about the same across households. However, some households, perhaps those with more members, tend to spend more than others do, conditional on an order. Therefore it may be that while the order timing follows a more or less consistent pattern across households no discernible pattern exists for order volume.
In summary, our model helps us understand customers' ordering behavior from catalogs. We find that the elapsed time since the last order and elapsed time since the last catalog is mailed, appear to be highly relevant in deciding when to order. We find that order volume displays considerable heterogeneity across customers in terms of its sensitivity to the recency of orders and to the recency of catalogs.
In-Sample and Out-of-Sample
Fit Comparisons We use the log-marginal density (LMD) function:
to compare our model with others. Further, we show the out-of-sample predictive power of our model vis-à-vis other models using minimum absolute deviations (MAD) of order incidence and order volume. The holdout sample consists of observations in the last six months of the purchase histories. The results are in Table 4 . For ease of comparison, we rank the models from best to worst starting with 1 = Best.
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In the related literature that we discuss in the introduction, Gupta (1988) can be thought of as a version of our model without heterogeneity, and Bucklin and Gupta (1992) can be viewed as one with a discrete heterogeneity structure.
In-Sample Comparisons. The full model (Model 1 in the table) outperforms the simpler models (Models 2-5) because it has the highest LMD value. Changing the specification of heterogeneity does not affect the performance (Model 3, Model 4) as much as changing the functional form (Model 2, Model 5). Thus, it appears that functional form specification is more important here than heterogeneity, although the improvement due to heterogeneity cannot be ignored in achieving in-sample fit. Out-of-Sample Comparisons. Our model clearly predicts better than other models and the RFM procedure in terms of minimum absolute deviations of both order incidence and order volume. The worst out-ofsample fit is given by the RFM procedure (Model 6 in the table), followed by the model with no heterogeneity (Model 4). For out-of-sample fit, heterogeneity specification seems to matter (Models 3 and 4) more than functional form (Models 2 and 5).
Implementation of the Bayes Rule
We apply the optimal mailing rule described in §3 to the holdout sample to assess the profit implications of our approach. We derive optimal mailing strategies using several criteria (profit maximization, which is equivalent to risk neutrality, utility maximization with risk aversion) and two time horizons (one period versus multiple periods) for each individual customer. The risk-neutral and risk-averse utility functions are U D Y Z and U D Y Z , given in Equations (8) and (9), respectively. The utility function for retention is:
where I is an indicator function and the manager's optimization criterion is to maximize the number of retained customers (and not expected profits or utility). Table 5 summarizes the results. The highest expected profits are achieved when the manager is risk neutral and when the optimization horizon is longer (23.82, entry 4 in Table 5 ). The highest expected utility is achieved when the manager is risk averse and when the horizon is longer (−5 874, entry 5). The results indicate that optimization across multiple time periods offers a substantial improvement over single-period optimization. The longer decision horizon proves more profitable because it takes into account the interaction of the customer with the company through the duration effects of orders and catalog mailings, as our empirical model shows.
According to our findings the cataloguer is well advised to send fewer catalogs than its current practice. Our model that yields the highest expected profits in a longer time horizon suggests mailing 0.277 catalogs per month (slightly over three per year). (See criterion 4 in Table 5 .) In the data the average number of catalogs mailed per year is four to five per year, one for each season, and one for the winter holiday season. We also verify this in the last row of Table 5 , where we show that the RFM procedure suggests slightly over five catalogs per year. The customer retention model, which is a simpler version of our full model, also suggests a high number of catalogs to be mailed in a year (about six). Catalog managers may save considerably on costs, and increase expected profits or utility by mailing less frequently.
Conclusion
In this study, we develop, estimate, and test a customer response model to predict order incidence and order volume decisions of catalog customers. We use a hierarchical Bayes approach to allow for individuallevel predictions of order incidence and volume to be made. Our model integrates the mailing decision component of the problem as well. We develop an optimal Bayes rule for mailing strategies, based on a formal decision theory that allows a (risk-averse or risk-neutral) manager to optimize expected utility over a finite time horizon, where utility is defined as profits tempered by any risk aversion.
The response model we estimate shows that the effects of duration since the last order and duration since the last catalog is mailed, on decisions of order incidence and order volume, cannot be ignored. Of course, the degree of influence of each covariate varies across customers, which we capture by individual heterogeneity. While the house list appears to display a more or less consistent pattern in order timing decisions, we find considerable heterogeneity in order volume decisions.
Our model achieves a better in-sample fit and has a higher predictive accuracy, both in order incidence and order volume out of sample, than all the models it is compared to and the current company practice.
The Bayes rule we develop for optimal mailing strategy also indicates that expected profits and utility are higher when a longer time horizon is employed than a single-period horizon. This implies that current mailing decisions affect future decisions and that mailing strategies should optimize over a longer time horizon, updating strategies periodically. Cataloguers of household items typically follow the tradition of sending seasonal catalogs and one for the holiday season. However, our results show that the traditional RFM procedure will lead cataloguers to send out far too many catalogs than optimal.
No study is without limitations. In our case, lack of data prevents us from making general conclusions. For example, we observe when a catalogue was sent to a customer, but do not have data on when customers actually receive the catalog. Also, we do not observe competitive activities the cataloguer faces from stores, catalogs, or websites. We leave the research on competition (or synergy) between Web shopping and catalog shopping to future research, provided data sets with the desired level of richness are available. Our model focuses on existing customers only, and not on acquisition of new customers, which is of course an important part of any business. We do not have data on acquired customers.
The technique we present is sufficiently flexible to accommodate more complex objective functions. In our study, we specify cost functions that are independent across customers and could be optimized for each customer separately. However, economies of scale or budget constraints will render the cost functions dependent among customers so that the integer programming techniques are required to obtain the optimal strategy. We leave this issue to future research. Time aggregation may affect model performance; however, simulation studies have shown that difference between weekly and monthly calibration are small, as addressed in Ter Hofstede and Wedel (1998) . However, please note that our method does not need any closed-form solutions for the Bayesian utility function; we can generate samples of the posterior distribution of any objective function with or without constraints.
